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This study proposed a utility-driven two-stage stochastic mixed-integer linear programming model
to understand how the patient preferences impact the additive manufacturing (AM) supply chain
design decisions. The goal of the mathematical model is to maximize the utilities derived from the
customer preferences by appropriately allocating the AM facilities in the targeted region under
customer decision and demand uncertainty. The mathematical model is visualized and validated
by developing a real-life case study that utilizes the biomedical implants data for the state of
Mississippi. A number of sensitivity analyses are conducted to understand how the patients'
behavioral decisions (e.g., price-centric versus time- or quality-centric customers) to purchase
biomedical implants impact the AM supply chain design decisions. The results revealed key
managerial insights that could be utilized by healthcare service providers and interested
stakeholders to provide quality healthcare services by managing patient-centric AM facility siting
decisions.
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CHAPTER I
INTRODUCTION
1.1

Problem Motivation
The affordability, product quality, and lead times are essential for ensuring high coverage

of the biomedical implants, specifically for the Southern US states (e.g., Mississippi, Louisiana,
and Arkansas), which have the lowest healthcare coverage within the nation (Khazan, 2014).
Given that implants are highly customized, additive manufacturing (AM) technology can be
considered a potential solution to reduce implant costs while simultaneously ensuring product
quality based on personalized needs. Maintaining the economies of customized biomedical
implants in traditional manufacturing (TM) facilities is challenging for several reasons: complex
geometries, which are difficult to machine using conventional methods (e.g., subtractive
methods), high lead time to procure the raw materials, storage cost, and offshoring cost (if any).
AM has the prospect of bringing down the biomedical implant price by reducing the production,
storage, transportation, and overall lead time of the products (Emelogu et al., 2016 & 2019).
Even though AM is already applied to produce a wide variety of biomedical implants
(skull (e.g., Singare et al., 2004 & 2006), elbow (e.g., Truscott et al., 2007), hip (e.g., Popov and
Onuh, 2009), and knee joints (e.g., He et al., 2006)), there are still opportunities to cut down the
overall supply chain cost and make the implants more affordable for the customers. Existing
literature on AM supply chain studies focuses on minimizing the overall system cost and
attempts to understand the major cost barriers that hinder the economic deployment of AM
1

technologies for biomedical implants (e.g., Chowdhury et al., 2019 & 2020; Emelogu et al., 2016
& 2019). Even though the past studies have done a phenomenal job in understanding the key
barriers that may enable economic delivery of biomedical implants to the end customers, all the
past studies disregard the customer preferences and assume a market demand or demand
distribution. In AM supply chain, the customer demands vary significantly due to personalized
needs. As such, the customer preferences are needed to be accounted for during the AM supply
chain network design process. One way to incorporate customer preferences in the modeling
process via developing a choice model (see the Multinomial Logit (MNL) choice model
proposed by Guadagni and Little, 2008), which will consider customers’ utilities and willingness
to buy biomedical implants from the AM technologies. Even though a few past studies
incorporated choice models in the optimization modeling framework (such as facility location
design (e.g., Haase, 2009; Garcia and Alfandari, 2018), security applications (e.g.,
Marufuzzaman et al., 2021)), this is the first study to consider the customer choice behavior in
designing and optimizing an AM supply chain network.
1.2

Literature Review
Researchers have extensively dissected the AM supply chain in the last few years,

focusing either on process-level or system-level optimization. The process-level literature seeks
to understand how the process-level parameters, such as pre-and-post processing machining
operations, energy consumption, environmental emissions, and other related factors, impact the
overall AM production cost. On the contrary, system-level literature seeks to understand how the
AM facility location, inventory, and transportation decisions impact the overall AM supply chain
cost. In this subsection, we first review the process-level literature followed by the system-level
studies. To the end, we identify the major contribution of this study over the existing literature.
2

We observe a proliferation of process-level AM cost analysis in the last few years. For
instance, Hopkinson and Dickens, 2013 proposed a cost model to understand how the pre-andpost processing machining operations impact the AM production cost. Kellens et al., 2014
estimate the impact of resource consumption, energy efficiency, and process emissions on a
selective laser sintering processes' production cost. Kreiger and Pearce, 2013 performed a
comprehensive life-cycle analysis between conventional manufacturing and a distributed 3D
printer manufacturing network. The authors identify that the distributed 3D printer
manufacturing network is much environmental-friendlier over conventional manufacturing.
Khanzadeh et al., 2017, 2018, & 2019 proposed a number of in situ monitoring techniques in an
attempt to reduce the post-manufacturing costs. Kondor et al., 2013 showed how to use AM
machines within combat site surgical settings and identified the major factors (e.g., delivery
time, quantity, cost, and matching the supply and demands) that hinder their feasibility on reallife applications. Note that the process-level literature restricted their studies' domain either
within a single machine or a single facility level, which greatly hinders their applicability on
system-level market design for the AM.
The literature on AM system-level analysis can be broadly classified into two major
types: qualitative and quantitative analysis. Qualitative approaches focus on identifying the
factors that impact the AM supply chain, whereas quantitative approaches examine how these
factors could be modeled via developing mathematical modeling approaches. For instance,
Berman, 2012 identified that on-demand and small production batches that support
customization are more favorable for AM instead of modularization or postponement. Cooke,
2012 suggested that a regional supply chain network is more cost-effective for AM than adopting
traditional offshoring practices. The author mentioned that such a network structure could
3

minimize inventory (both pipeline and safety inventory), transportation costs, and CO2
emissions. Reeves, 2009 predicted that the AM would shift the traditional productiondistribution-retail structure to a production-distribution-end customer model, where modern
communication technologies will play a significant role. Mellor et al., 2014 identified that a
decentralized AM supply chain could reduce the transportation cost and support the local
community involvement. Note that even though the qualitative approaches have merit in
determining the factors that influence the AM supply chain network, such approaches lack a
mathematical basis and may not be used for long-term supply chain expansion decisions.
Recent studies focus on developing quantitative modeling approaches to examine an AM
supply chain network. For instance, Emelogu et al., 2016 and Chowdhury et al., 2020 developed
a mathematical model that identifies an economic feasibility point beyond which AM may not be
considered economical over traditional manufacturing in producing biomedical implants.
Emelogu et al., 2019 further extended these studies to design a novel supply chain configuration
for additively manufactured biomedical implants for the entire Southeastern U.S. States.
Ransikarbum et al., 2017 proposed a multiobjective optimization model to identify the economic
feasibility of an AM supply chain network. The authors minimized operating cost, load balance
among printers, total tardiness, and the number of unprinted parts in different objective functions
of the multiobjective optimization model. Chung et al., 2018 developed a mathematical model
which can dynamically assign AM parts in different factories within a geographic region. The
authors claimed that the framework could support a cloud-based supply chain system that can
handle customer demand on a real-time basis. By utilizing the North American Industry
Classification System (NAICS) data, Strong et al., 2018 developed a mathematical model that
showed how the AM facilities of different capacities could be gradually expanded in the United
4

States. Most recently, Chowdhury et al., 2019 developed a unified decision-making framework
that simultaneously optimizes the process-and-system level decisions costs for an integrated AM
supply chain network. To achieve this goal, the authors developed a two-stage stochastic
programming model that minimizes the facility location, capacity selection, transportation,
inventory, and production-process-related parameters and costs under customer demand
uncertainty.
1.3

Summary of Major Contributions
To summarize, the existing literature model different key elements of an AM supply

chain network. Among others, the notables are identifying the economic feasibility between
traditional and AM supply chain networks, how the process-level parameters (e.g., part quality
and build time) impact the system-level decisions, and network architecture that support cloudbased AM supply chain networks. However, none of the prior studies modeled how the
consumer behavior decisions could potentially impact the AM facility location decisions, which
is particularly important for the customer-centric customized biomedical implant production
decisions. To fill this gap in the literature, this study proposes the following:
•

Proposing a two-stage stochastic programming model that examines how the AM facility
location decisions are impacted by the customer behavioral decisions. The overall goal of
the model is to maximize the utilities derived from the customer preferences by
appropriately allocating the AM facilities in a certain region under customer decision and
demand uncertainty.

•

Testing and validating the proposed model by demonstrating a real-life case study that
utilizes biomedical implant data in the Mississippi State. A number of managerial
5

insights are drawn, which shows how the customer behavioral decisions (e.g., pricecentric versus time- or quality-centric customers) to purchase biomedical implants impact
the AM supply chain design decisions.
The exposition of this thesis is as follows. Section 2 defines the problem and introduces
the mathematical model formulation. Section 3 describes the data and draws insights from a reallife case study. Finally, Section 4 concludes this thesis by summarizing the key knowledge
gained from this study and providing a number of future research opportunities.
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CHAPTER II
PROBLEM DESCRIPTION AND MATHEMATICAL MODEL FORMULATION
In this section, we develop a mathematical model that identifies the potential location of
the AM facilities by accounting for the customer behavioral information. We consider that a set
of customers, denoted by set 𝑖 ∈ 𝑰, are located in a given region who are willing to purchase a
product (e.g., biomedical implants) from an AM facility. Let 𝑗 ∈ 𝑱 be the set of potential
locations where an AM facility (e.g., hospitals) could be opened. Assume the stakeholder has
limited budget availability, denoted by parameter B, which can be utilized to open only P
number of AM facilities in a given region. If an AM facility is open, it can produce/print a set of
products/parts, denoted by set 𝑚 ∈ 𝑴. Given the customer demand or preference could vary, we
capture such factors by introducing a scenario set, which is denoted by 𝜔 ∈ 𝛀. Each specific
scenario is associated with a probability, denoted by parameter 𝜌(𝜔), and the summation of all
the probabilities equals 1, i.e., ∑𝜔∈𝛀 𝜌(𝜔) = 1.
In this study, we assume that the customer demands are aggregated. Therefore, we
introduce parameter 𝑑𝑖𝑚 (𝜔) to denote the demand for product 𝑚 ∈ 𝑴 at customer location 𝑖 ∈ 𝑰
under scenario 𝜔 ∈ 𝛀. Let 𝑡𝑖𝑗 to be the unit transportation cost for customer location 𝑖 ∈ 𝑰 to
reach AM facility 𝑗 ∈ 𝑱. A utility, denoted by the parameter 𝑢𝑖𝑗𝑚 (𝜔), is associated for customer
𝑖 ∈ 𝑰 purchasing product 𝑚 ∈ 𝑴 from AM facility 𝑗 ∈ 𝑱 under scenario 𝜔 ∈ 𝛀. This utility will
vary among customers depending upon the preference of the customers. For instance, some
customers are price-centric, while others may be time- or quality-centric. Depending on the
7

customer preferences, the opening and assignment of demands to an AM facility will differ. We
capture these factors via developing a choice model, where we define 𝜌𝑖𝑗𝑚 (𝜔) to be the
probability for customer 𝑖 ∈ 𝑰 purchasing product 𝑚 ∈ 𝑴 from AM facility 𝑗 ∈ 𝑱 under scenario
𝜔 ∈ 𝛀, and is given by equation (2.1).

𝜌𝑖𝑗𝑚 (𝜔) =

𝑒 𝑢𝑖𝑗𝑚 (𝜔)
𝑢𝑖𝑘𝑚 (𝜔)
∑|𝑱|
𝑘=1 𝑒

(2.1)

where it is assumed that all the facilities will be open, i.e., {𝑌𝑗 }𝑗∈𝑱 . Parameter 𝑢𝑖𝑗𝑚 (𝜔)
aggregates criteria or attributes based on the preference of the potential customers, such as price,
lead time, or level of quality offered by the facility. In our study, we consider this utility function
as a linear combination of the different customer preference characteristics, denoted by C, so that
𝑪
𝑐
𝑢𝑖𝑗𝑚 (𝜔) = ∑ 𝑤 𝑐 𝑎𝑖𝑗𝑚
(𝜔)

(2.2)

𝑐=1

where, in equation (2.2), 𝑤 𝑐 is a relative weight that is imposed for different preference
𝑐
characteristic values 𝑎𝑖𝑗𝑚
(𝜔), and ∑𝑐∈𝑪 𝑤 𝑐 = 1. Assuming that sample data will be collected to

capture customer preferences, variability will exist among the customer preferences. Therefore,
𝑐
(𝜔) as stochastic to capture the variations among the diverse set of
we define a parameter 𝑎𝑖𝑗𝑚

customer preferences. Below we summarize the sets (Table 2.1), parameters (Table 2.2), and
decision variables (Table 2.3) used in this model.
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Table 2.1
Sets

Summary of the sets used in the proposed mathematical model
Description

I

Set of customers, where 𝑖 ∈ 𝑰

J

Set of potential locations to open AM facilities, where 𝑗 ∈ 𝑱

M

Set of products, where 𝑚 ∈ 𝑴

𝜴

Set of scenarios, where 𝜔 ∈ 𝛀

Table 2.2
Parameters

Summary of the parameters used in the proposed mathematical model
Description

𝑢𝑖𝑗𝑚 (𝜔)

The utility for customer 𝑖 ∈ 𝑰 purchasing product 𝑚 ∈ 𝑴 from AM
facility 𝑗 ∈ 𝑱 under scenario 𝜔 ∈ 𝛀

𝑑𝑖𝑚 (𝜔)

Demand for product 𝑚 ∈ 𝑴 at customer location 𝑖 ∈ 𝑰 under
scenario 𝜔 ∈ 𝛀

P

Total number of AM facilities that can be opened in a given region

𝑡𝑖𝑗

Unit transportation cost for customer 𝑖 ∈ 𝑰 to reach facility 𝑗 ∈ 𝑱

𝐵

Total budget availability

𝜌(𝜔)

Probability for scenario 𝜔 ∈ 𝛀

9

Table 2.3

Summary of the decision variables used in the proposed mathematical model

Decision Variables
𝑌𝑗
𝑋𝑖𝑗𝑚 (𝜔)

Description
= 1 if an AM facility is open in location 𝑗 ∈ 𝑱; 0 otherwise
Fraction of order flow between customer 𝑖 ∈ 𝑰 and AM
facility 𝑗 ∈ 𝑱 for product 𝑚 ∈ 𝑴 under scenario 𝜔 ∈ 𝛀

Given the AM facility location decision need to be made now prior to realizing any
uncertainty (e.g., customer demand), we modeled this problem as a two-stage stochastic
programming model formulation and referred to as [AMC]. In [AMC], the first stage decides the
location of the AM facility, while the second stage maximizes the utilities derived from the
customers under different uncertain scenarios (e.g., customer demand, customer preferences).
The overall goal is to maximize the utilities derived from the customer preferences by
appropriately allocating the AM facilities in a certain region. Below, we provide the two-stage
stochastic mixed-integer nonlinear programming model formulation.
First-Stage Model:
Maximize 𝔼𝛀 [𝝋(𝑿, 𝒀, 𝜔)]

(2.3)

Subject to

∑ 𝑌𝑗 ≤ 𝑃
(2.4)

𝑗∈𝑱

𝑌𝑗 ∈ {0,1}; ∀𝑗 ∈ 𝑱
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(2.5)

Second-Stage Model:
1

𝝋(𝑿, 𝒀, 𝜔): = Maximize |𝑰| ∑𝑖∈𝑰 ∑𝑗∈𝑱 ∑𝑚∈𝑴 𝑢𝑖𝑗𝑚 (𝜔)𝑑𝑖𝑚 (𝜔)𝑋𝑖𝑗𝑚 (𝜔)

(2.6)

Subject to
∑ ∑ ∑ 𝑡𝑖𝑗 𝑑𝑖𝑚 (𝜔)𝑋𝑖𝑗𝑚 (𝜔) ≤ 𝐵; ∀𝜔 ∈ 𝛀

(2.7)

𝑖∈𝑰 𝑗∈𝑱 𝑚∈𝑴

𝑋𝑖𝑗𝑚 (𝜔) ≤

(𝜔)
𝑢
𝑒 𝑖𝑗𝑚 𝑌𝑗
|𝑱|

∑𝑘=1 𝑒 𝑢𝑖𝑘𝑚 (𝜔) 𝑌𝑘

; ∀𝑖 ∈ 𝑰, 𝑗 ∈ 𝑱, 𝑚 ∈ 𝑴, 𝜔 ∈ 𝛀

(2.8)

∑𝑗∈𝑱 𝑋𝑖𝑗𝑚 (𝜔) = 1; ∀𝑖 ∈ 𝑰, 𝑚 ∈ 𝑴, 𝜔 ∈ 𝛀

(2.9)

𝑋𝑖𝑗𝑚 (𝜔) ≥ 0; ∀𝑖 ∈ 𝑰, 𝑗 ∈ 𝑱, 𝑚 ∈ 𝑴, 𝜔 ∈ 𝛀

(2.10)

The first-stage objective function (2.3) is to maximize the expected utilities derived from
the customer preferences by appropriately allocating the AM facilities in a certain region.
Constraint (2.4) bounds the total number of AM facilities that can be opened in a given region.
Constraint (2.5) sets binary restrictions on opening the AM facilities. For a realization of 𝜔 ∈ 𝛀,
the second-stage objective function (2.6) maximizes the utilities derived from the customer
preferences, given the AM facility location decisions are already made in the first stage.
Constraint (2.7) sets restrictions on the total transportation cost that could be incurred in
satisfying the customer demand. Constraint (2.8) sets restrictions on the product flow based on
the AM facility location decisions and customer preferences. Constraint (2.9) ensure that demand
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for each customer site needs to be satisfied by at least one active AM facility. Finally, constraint
(2.10) is the standard non-negativity constraint.
Due to the presence of the fraction term in constraint (2.8), model [AMC] becomes a
nonlinear mixed-integer programming model. To linearize the fractional term in constraint (2.8),
we adopted an approach proposed by Hasse, 2009. With this, we obtain the following two-stage
stochastic mixed-integer linear programming model, referred to as [LAMC].
First-Stage Model:
Maximize 𝔼𝛀 [𝝋(𝑿, 𝒀, 𝜔)]

(2.11)

Subject to

∑ 𝑌𝑗 ≤ 𝑃
(2.12)

𝑗∈𝑱

𝑌𝑗 ∈ {0,1}; ∀𝑗 ∈ 𝑱

(2.13)

Second-Stage Model:
1

𝝋(𝑿, 𝒀, 𝜔): = Maximize |𝑰| ∑𝑖∈𝑰 ∑𝑗∈𝑱 ∑𝑚∈𝑴 𝑢𝑖𝑗𝑚 (𝜔)𝑑𝑖𝑚 (𝜔)𝑋𝑖𝑗𝑚 (𝜔)

(2.14)

Subject to

∑ ∑ ∑ 𝑡𝑖𝑗 𝑑𝑖𝑚 (𝜔)𝑋𝑖𝑗𝑚 (𝜔) ≤ 𝐵; ∀𝜔 ∈ 𝛀

(2.15)

𝑖∈𝑰 𝑗∈𝑱 𝑚∈𝑴

𝑋𝑖𝑗𝑚 (𝜔) ≤ 𝑌𝑗 ; ∀𝑖 ∈ 𝑰, 𝑗 ∈ 𝑱, 𝑚 ∈ 𝑴, 𝜔 ∈ 𝛀
12

(2.16)

𝑒 𝑢𝑖𝑗𝑚 (𝜔)−𝑢𝑖𝑘𝑚(𝜔) 𝑋𝑖𝑘𝑚 (𝜔) + (2 − 𝑌𝑗 − 𝑌𝑘 ) ≥ 𝑋𝑖𝑗𝑚 (𝜔); ∀(𝑖, 𝑗, 𝑘, 𝑚)|𝑗 ≠ 𝑘, 𝜔 ∈ 𝛀

(2.17)

∑𝑗∈𝑱 𝑋𝑖𝑗𝑚 (𝜔) = 1; ∀𝑖 ∈ 𝑰, 𝑚 ∈ 𝑴, 𝜔 ∈ 𝛀

(2.18)

𝑋𝑖𝑗𝑚 (𝜔) ≥ 0; ∀𝑖 ∈ 𝑰, 𝑗 ∈ 𝑱, 𝑚 ∈ 𝑴, 𝜔 ∈ 𝛀

(2.19)

Note that in the model [LAMC], constraints (2.16) and (2.17) are added to linearize
constraint (2.8) from model [AMC].
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CHAPTER III
CASE STUDY AND EXPERIMENTAL RESULTS
In this section, we apply the proposed mathematical model to a real-world case study.
First, the data used to input model [LAMC] is discussed. Then, using the state of Mississippi
(MS) as a testing ground, a number of experiments are conducted to investigate how the
customers' product choice decisions impact the AM facility location decisions. The proposed
model is coded in Python 3.7 and executed on a desktop computer with 32.0 GB RAM and Intel
Core i7 3.60GHz processor. GUROBI 9.0.3 is used as the optimization solver.
3.1

Data Collection
This study considers four biomedical implants (|M| = 4): dental braces, vessel stents, hip,

and knee joint implants. We considered these implants because AM technology has already
demonstrated success in producing these implants. We selected 20 hospitals (|J| = 20) from the
20 most populous counties in MS. Figure 3.1 shows the geographic distribution of the hospitals
considered in this study. The demand, 𝑑𝑖𝑚 (𝜔), for biomedical implant 𝑚 ∈ 𝑴 at customer
location 𝑖 ∈ 𝑰 is obtained from Emelogu et al., 2016 (see Scheme A.1 in Appendix A). We
assume that the customers could be located in any counties and visit the nearby hospitals to get
the medical service if available. In total, 82 representative customers (|I| = 82) from 82 different
counties in MS are considered in this study. We set 𝑡𝑖𝑗 = $0.5/mile as a transportation cost for
customer 𝑖 ∈ 𝑰 to visit nearby AM facility (hospitals in the application). Google Map is used to
identify the shortest distance between each source to destination pairs.
14

Figure 3.1

Major hospitals considered in this study
(Emelogu et al., 2016)

We assume that the customers could fall in one of the three categories: price-centric,
time-centric (e.g., lead time of the implants), or quality-centric (e.g., the quality level of the
implants). Given no survey was available, we calibrate the utility function as follows in equation
(3.1):
3
2
(𝜔) + w 3 𝑎𝑖𝑗𝑚
(𝜔)
𝑢𝑖𝑗𝑚 (𝜔) = w1 𝑎1𝑖𝑗𝑚 (𝜔) + w 2 𝑎𝑖𝑗𝑚

(3.1)

where 𝑤 1 + 𝑤 2 + 𝑤 3 = 1.0. For price-, time-, and quality-centric customers the weights
have been adjusted as follows:
Price-centric:

(𝑤 1 , 𝑤 2 , 𝑤 3 ):

(0.50, 0.25,0.25)

Time-centric:

(𝑤 1 , 𝑤 2 , 𝑤 3 ):

(0.25, 0.50,0.25)

Quality-centric:

(𝑤 1 , 𝑤 2 , 𝑤 3 ):

(0.25, 0.25,0.50)
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2
The mean price (𝑎̂1𝑖𝑗𝑚 ) and lead-time (𝑎̂𝑖𝑗𝑚
) of the implants are obtained from Emelogu et

al., 2016 as follows: hip implants: $2,308/unit; knee implants: $1,863/unit; dental braces:
$100/unit; and stents: $249/unit with a lead time of 14 days (including AM post-processing
3
time). Given no quality metrics (𝑎̂𝑖𝑗𝑚
) are available for the implants, we assume the values

would be proportional to the price. Finally, we assume that all the numbers may uniformly vary
between ±20% from their means to capture the randomness between the customer utilities.
3.2

Experiments and Results
To run the experiments, we have created five different scenarios. In the first scenario

(base case), we are assuming equal utility for price, quality, and lead time, i.e.,
(𝑤 1 , 𝑤 2 , 𝑤 3 )=(1/3,1/3,1/3). In the next scenario (scenario 2), we are assuming that higher
utilities could be assigned by providing persons 65 and over (without disability) a low lead time
vessel/hip/knee implants service. For instance, According to the United States Census Bureau,
2019, 16.4% of Mississippi’s 65 years and over residents are not disabled. The next scenario
(scenario 3) is constructed by assuming the same population and need as described in scenario 2
but for the disabled residents, which is averaged 11.9% for 65 and over residents in Mississippi
(United States Census Bureau, 2019). Due to the criticality of getting the service for stents, in
scenario 4, we assume that higher utilities could be provided by serving the patients' stents in a
lower lead time. In scenario 5, we assume that high utility could be provided for serving
residents under 18 years of dental braces with a lower cost (at the expense of high lead time).
Based on the 2019 population survey data, 23.5% of the Mississippi residents are below 18 years
old (United States Census Bureau, 2019). Finally, in scenario 6, we assume that due to the
limited purchasing ability and healthcare coverage, higher utilities could be provided to the
16

residents who live in rural counties in Mississippi. A summary of the utility scenarios is listed in
Table 3.1.
Table 3.1

Utility scenarios description

Scenario

Scenario Description
1
(base case)

Assuming equal utility for price, quality, and lead
time; i.e., (𝑤 1 , 𝑤 2 , 𝑤 3 ) = (1/3,1/3,1/3)

2

Persons 65 years and over (without disability) requires
a low lead time for vessel/hip/knee implants

3

Persons 65 years and over (with disability) requires a
very low lead time for vessel/hip/knee implants

4

Stents require a low lead time

5

Offers low price dental braces for residents under 18
years

6

Rural county residents are price sensitive

By analyzing the AM facility location decisions under six scenarios, it is clear that the
AM supply chain is sensitive to the utility of the patients. In the first scenario (base case), as can
be seen in Figure 3.2 that an AM facility is opened in Lamar County. However, the siting
selection locations varied in different scenarios (shown in Figures 3.3 to 3.5) under different
utilities as prioritized for the patients. For instance, we observe two AM facilities are opened in
Hinds and Harrison Counties under scenarios 2, 3, and 5 (see Figure 3.3). Note that Hinds and
Harrison Counties are two highly populated counties in Mississippi with populations over
200,000. The counties also carry large residents who are under 18 and beyond 65 years old. As
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such, the AM facility location decisions are adjuted from the base case to maximize the targeted
customers' utilities.

Figure 3.2

AM facility location under scenario 1
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Figure 3.3

AM facility locations under scenarios 2, 3, and 5

Figure 3.4

AM facility location under scenario 4
19

Figure 3.5

(a) AM facility location under scenario 6 and (b) degree of rurality for the state of
Mississippi (Kim, 2017)

In scenario 4, we assume that higher utilities will be given on delivering the patients’
stents at a lower lead time. Under such a scenario, we observe that an AM facility is opened in
Hinds County (see Figure 3.4), a county where the stents demand is high. Finally, in scenario 6,
we assume that due to the limited purchasing ability and healthcare coverage, higher utilities
could be provided to the residents who live in rural counties in Mississippi. Figure 3.5 shows the
AM facility location decisions under scenario 6. In addition to the Lamar counties as select in the
base case scenario, this scenario also locates an AM facility in Washington County, a rural
Mississippi county. To validate the result, we also presented the degree of rurality for the
Mississippi State as proposed by Kim, 2017. Under this scenario, an additional facility is opened
in Washington County to lower the transportation cost and offer a better price for serving the
patients in the rural counties.
20

CHAPTER IV
CONCLUSION AND FUTURE RESEARCH DIRECTIONS
This study examines how the patient's behavior or preferences could impact the AM facility
location decisions. To serve this purpose, a utility-driven two-stage stochastic mixed-integer linear
programming model is proposed. The aim is to maximize the utilities derived from the customer
preferences by appropriately allocating the AM facilities in a certain region under customer
decision and demand uncertainty. We then test the performance of the model by developing a reallife case study that utilizes the biomedical implants data for the state of Mississippi. A number of
scenarios are created to understand how the customer utilities could impact the location and
number of AM facilities within our test region. The results would provide important managerial
insights for healthcare service providers and interested stakeholders on maximizing the healthcare
coverage and quality services by optimally locating patient-centric AM facility siting decisions.
This study can be extended in several research directions. First, the study only considered
utilities and ignored the cost competitiveness provided by the existing manufacturers available in
the market. Second, the existing model could be extended by incorporating a few other important
supply chain elements (e.g., storage decisions, raw material suppliers of the AM facilities). Next,
the test region could be enlarged to examine the impact of AM facility location decisions under
varying customers (e.g., preferences and purchasing abilities between urban and rural patients).
Finally, research is needed to determine the best cloud-based decision support framework that can
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be used to execute this proposed modeling technique. Future studies will be conducted to address
these issues.
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APPENDIX A
ESTIMATED BIOMEDICAL IMPLANT DATA FOR MISSISSIPPI
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Scheme A.1

Estimated biomedical implant demand for Mississippi
(Emelogu et al., 2016)
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